Abstract The changes in the soil nitrate concentration were studied during 2 years in a ''montado'' ecosystem, in the South of Portugal. Total rainfall, air and soil temperature and soil water content under and outside Quercus rotundifolia canopy were also evaluated. A cluster analysis was carried out using climatic and microclimatic parameters in order to maximize the intraclass similarity and minimize the interclass similarity. It was used the k-Means Clustering Method. Several cluster models were developed using k values ranging between 2 and 5. Thereafter, in each cluster, the data were divided according to their origin (soil under canopy and open areas, and from surface and deep layers). Multiple regression models were tested for each cluster, to assess the relationship between soil nitrate concentration and a set of climatic and microclimatic parameters and the results were compared with models assessed without clustering. The models achieved with data grouped in result of clustering analysis showed better performance than the models achieved without clustering, mostly for data from open areas soils. When temperature is low and/or water presents excess or scarcity levels, the data from soils in undercanopy areas, give rise to models with worst performance than models from open soil areas data. The results obtained for undercanopy area suggest that nitrification process in soil under Quercus rotundifolia trees influence is more complex than for open areas, and subject to other relevant factors beyond water and temperature.
Introduction
The availability of nitrogen in soils as result of mineralization of soil organic material is one of the most important components in ecosystem nutrient cycles, since nitrogen is the most limiting nutrient in plant communities (Vitousek et al. 1982; Vitousek and Howarth 1991 ). An accurate prediction of soil mineral nitrogen concentration is important, since this component of nitrogen cycle is influenced by inputs from many sources as well as soil and climatic factors (Patra et al. 1999) , therefore, inappropriate ecosystem management actions resulting from ignorance on the operation of those influences, can lead to increases in nitrate loss by leaching. Soil mineral nitrogen concentration (SMN) is affected by the quality of, the existing plant residues, the soil microbial biomass, the labile and recalcitrant fractions of soil organic matter, which are connected whit the plant species that cover soil surface (Monaghan and Barraclough 1995; Malchair and Carnol 2009) . Differences in SMN as result of different soil cover plant species are well documented, such as between grasses and trees (Kristensen and Henriksen 1998; Dijkstra et al. 2006; Perakis and Kellogg 2007) and between tree species (Stump and Binkley 1993; Priha and Smolander 1999; Giardina et al. 2001; Malchair and Carnol 2009) .
Soil water content is primordial for microbial activity in soil, and consequently its seasonal fluctuation controls SMN (Paul et al. 2003) . Under Mediterranean climate conditions, in addition to soil water stress, soil depth plays a key role in SMN, since the soil microclimate is not homogeneous along soil profile, with soil surface layers being more affected by seasonal variation of temperature and water regime. Therefore, a pedoclimatic differentiation between upper and deep soil horizons is expected with respect to SMN (Rovira and Vallejo 1997) . The presence of trees is another factor with implications in SMN, being well known its role in changing understorey environmental conditions, in terms of less extreme temperatures, altered water availability and evapotranspiration, and soil enrichment of nutrients and organic matter (Joffre and Rambal 1988; Gallardo 2003; Moreno et al. 2007 ).
In Europe, the most extended agroforestry systems are the Iberian 'montados' ('dehesas' in Spanish), with about 3 million hectares in Portugal and in SouthWestern Spain (Eichhorn et al. 2006) . These manmade savannah-type ecosystems are characterised by a widely separate oak tree stratum (10-60 trees ha -1 ) associated with an herbaceous understorey. In these systems, beyond seasonal variation of temperature and water regime characteristics of Mediterranean climate conditions, soil nitrogen availability would be influenced by the effect of tree canopies on spatial heterogeneity, concerning soil properties, soil water regime and microclimate (Gallardo et al. 2000; Gallardo 2003) . The prediction of SMN from climatic and microclimatic parameters is a complex and highly nonlinear problem for which there are no known predictive models to predict SMN directly and accurately (Shaffer et al. 2001) . Predictive modelling is a process used in predictive analytics to create a statistical model of future behaviour. Predictive analytics is the area of Data Mining (DM) concerned with forecasting probabilities and trends. DM is the process of discovering interesting knowledge from data stored in databases, data warehouses or other information repositories. Different data mining techniques can be used for the same task, each one with their own pros and cons. There are no clear rules to select the ''best'' and frequently the choice is a trial-and-error process (Han and Kamber 2006) . Assuming that the explanatory weakness displayed by the models tested is consequence of the high diversity and heterogeneity of the data, a cluster analysis was carried out. In this technique the objects (data) are grouped based on the principle of maximizing the intraclass similarity and minimizing the interclass similarity. That is, clusters of objects are formed so that objects within a cluster have high similarity in comparison to one another, but are very dissimilar to objects in other clusters.
The aim of this work was to evaluate the relationship between the soil nitrate concentration and some climatic and microclimatic parameters (precipitation, air and soil temperature, soil water content), whereas the soil depth and the presence of Quercus rotundifolia tree were key factors. In order to fulfil the objectives of the study several cluster models were developed, multiple regression models were tested for each cluster under canopy and open areas, and surface and deeper layers, and the results were compared with those of models tested without clustering.
Materials and methods

Study site
The study was carried out in Southern Portugal at the Centro de Estudos e Experimentação da Mitra (CEEM), experimental campus of the University of É vora (38°32 0 N, 8°01 0 W, 243 m), during 2000-2002. The local climate is Mediterranean-type (Csa according to Köppen), characterized by winter-wet and summer-dry pattern. Mean annual rainfall is 665 mm, most of which falling from autumn to early spring (90%) in less than 75 days of rain per year (INMG 1991) . Mean annual air temperature is about 15.4°C, ranging from 8.6°C in January to 23.1°C in August. Air relative humidity is about 70%. The dry period is up to 5 months. Monthly precipitation and temperature over the sampling period is shown in Fig. 1 .
The geological substratum consists of granites and gneisses (Carvalhosa et al. 1969) . Soils are mostly Eutric Leptosols developed on gneiss (WRB 2006) , with a maximum soil depth of about 1 m. Soil texture is sandy to sandy loamy.
The vegetation consists of open pasture with scattered trees of Q. suber L. and Q. rotundifolia Lam. with a mean tree diameter of 0.50 ± 0.11 m and a mean tree height of 6.60 ± 0.70 m. The oak stocking ranges from 35-45 trees ha -1 with an average canopy coverage of 21%. The herbaceous layer, with forbs and grasses, presents some scattered shrubs, mainly Cistus salvifolius L.. The study area was selected within the SW part of the Herdade da Mitra due to the agroforestry use of the land. The area was grazed by goats in extensive regime along the year (1 animal ha -1 ). The landscape slope, at the study area, range from 5 to over 20%.
Sampling and measurements
Precipitation, air and soil temperature, and soil moisture An automatic weather station was installed at the site on the top of a 12 m high metal tower (5 m above tree canopy). Total rainfall was collected by a funnel installed on the top of the tower; the rainwater was measured after being piped to a covered tipping-bucket rain-gauge (0.2 mm per tip) at ground level (ARG100, Environmental Measurements, Gateshead, UK). Dryand wet-bulb temperatures (aspirated psychrometer H301, Vector Instruments, Rhyl, UK) were also measured at the top of the tower. All data were recorded at 10 min intervals on a solar-powered CR10 data-logger (Campbell Scientific, Shepshed, UK).
Average hourly soil temperature under trees canopy was continuously recorded using copper-constantan thermocouples of Delta-t, placed on soil organic surface layers, between the surface organic horizon and the mineral profile at 0, 2.5, 5, 10, 15 and 20 cm of depth. In the open area, average hourly soil temperature was also continuously recorded with thermocouples placed at the same depths. Soil moisture was monitored by 20 ThetaProbe sensors (ML2x, Delta-T Devices, Cambridge, UK). Ten sensors were installed in the soil under an isolated Q. rotundifolia tree (crown radius was 7.2 m) to evaluate precipitation interception by trees, and ten sensors were installed beyond the crown projection limits. In both cases half of the sensors were installed at 0.06 m depth, and the other half at 0.25 m. Soil volumetric water content was averaged and stored at half-hourly intervals. All sensors were connected to a DL2e data-logger (Delta-T Devices, Cambridge, UK). Data were collected continuously between January 2000 and December 2002. concentration were collected at a distance of 2-3 m of the tree trunk in the undercanopy areas (UC), and at a distance of 2-3 m of the vertical projection of the boundary of the tree crown in the open area (OP). Samples were collected every month from November 2000 to November 2002, following the major cardinal points, at 0-10 cm of depth (D1) and 10-20 cm of depth (D2). For each sampling date, sampling tree, sampling depth and sampling area, samples from the four cardinal points were grouped in a composite sample, totaling 20 samples per collection occasion (5 trees 9 2 depths 9 2 areas). Soil samples for total N and C determination were taken at the beginning of this procedure, using the same sampling grid.
Laboratory procedures
Soil samples for Total N and C determination were sieved (2 mm mesh) after being air dried. Soil samples for evaluation of N-NO 3 -and N-NH 4
?
were sieved (3.15 mm mesh) immediately after collection and N extraction performed in 24 h maximum time limit. Up to the realization of the N extraction, samples were placed at 2-4°C in the refrigerator. Evaluation of N-NO 3 -and N-NH 4 ? was made every month, adding 10 g of soil substratum to 50 cm 3 of KCl 2 M, agitated during 1 h, centrifuged 7 min at 3500 rpm, and filtered through filter paper whatman n81. The N-NO 3 -and N-NH 4
in the extracts were determinate by molecular absorption spectrometry (Houba et al. 1994 ). The content of total N (Kjeldahl) in soil was determined using a Kjeltec Auto 1030 Analyser distillation system. Organic C was analyzed by dry combustion at 1200°C.
Database
From the data collected by the different sensors, a set of climate and microclimate parameters were calculated: total precipitation between sampling dates (PR), total precipitation 10 days before sampling date (PR 10 ), total precipitation 5 days before sampling date (PR 5 ), average soil water content between sampling dates (SWC), average air temperature between sampling dates (AT), average air temperature 10 days before sampling date (AT 10 ), average air temperature 5 days before sampling date (AT 5 ), and average soil temperature (5 and 15 cm depths) between sampling dates (ST).
The data used in this study reach a total of 400 records with 9 numerical variables which were relevant for the study (Table 1) . Besides the numerical variables associated with the precipitation and temperature, the data base includes the sampling date, sampling depth (D 1 or D 2 ) and sampling localization (UC or OP).
Clustering models
The problem of experimental data with high diversity and heterogeneity was defined as a segmentation problem. The k-means Clustering Method is one of the most efficient and popular data mining segmentation algorithms that use unsupervised learning. Clustering models focus on identifying groups of similar objects and labeling the objects according to the group to which they belong. This is done without the benefit of prior knowledge about the groups and their characteristics.
The k-means algorithm input parameters are the number of clusters, k, and a data set, D, containing n objects. The algorithm firstly selects randomly k of the objects, each of which initially represents a cluster mean or center. For each of the remaining objects, an object is assigned to the cluster to which it is the most similar, based on the distance between the object and the cluster mean (Witten and Frank 2005) . The most popular distance measure is Euclidean distance, which is defined as:
...; x jn À Á are two n-dimensional data objects. In the next step, the algorithm computes the new mean for each cluster. These processes iterate until further refinement can no longer improve the model (or the number of iterations exceeds a specified limit). Usually, the criterion used is the minimization of square-error, defined as:
where E denotes the sum of the square error for all objects in the data set, p denotes the point in ndimensional space representing an object and m i is the mean of cluster C i . These mean that can be viewed as the cluster's centroid or center of gravity. In this study it was used the k-means algorithm as implemented in WEKA (Hall et al. 2009 ).
The input variables used in the segmentation approach are SWC, PR, PR 10 , PR 5 , AT, AT 10 , AT 5 and ST. The algorithm input parameter is the number of clusters, k. In this study k vary from 2 to 5.
Decision trees
In order to generate an explanatory model of segmentation it was used Decision Trees (DT). DT adopts a branching structure of nodes and leaves, where the knowledge is hierarchically organized. Each node tests the value of a feature, while each leaf it is assigned to a class label (Han and Kamber 2006) .
Early systems for generating DTs include CART (Breiman et al. 1998 ) and ID3 (Quinlan 1986 ), the later being followed by the version C4.5 and C5.0. The C4.5 version was an improvement of the ID3 algorithm that allows the use of continuous values, support omitted values, tree pruning and extraction of rules (Quinlan 1993) . The DT algorithm used in this study was the J48 as implemented in WEKA (Hall et al. 2009 ). This J48 implements the 8th revision of the commonly known C4.5 algorithm. A description of this J48 algorithm can be found in Witten and Frank (2005) .
Regression analysis
Multiple regression models were fitted between SNC and the climatic and microclimatic features calculated (SWC, PR, PR 10 , PR 5 , AT, AT 10 , AT 5 and ST) using the stepwise regression function, with a F to remove of 3.9 and a F to enter of 4.0. The assumptions of multiple linear regression about the data, namely, normal distribution of the source population about the regression, the constant variance of the dependent variable in the source population regardless of the value of the independent variable(s), and the independence of the residuals, were tested. The tests performed were respectively, the Kolmogorov-Sminorv test, the Spearman rank correlation between the absolute values of the residuals and the observed values of the dependent variable and the Durbin-Watson statistic.
Results
Soil total N and C Average total nitrogen content and values of carbon/ nitrogen ratio (C/N) are presented in Table 2 . It is clear the differentiation between sampling areas and depths for total N and C/N, highlighting the role of tree crown in shifting soil chemical characteristics.
Segmentation models-assessment and interpretation Table 3 shows the statistical characterization of the distances of each record to the center of gravity of their cluster.
The analysis of Table 3 shows that the k = 3 clustering model and the k = 4 clustering model are quite similar. The main difference is the division of cluster 2 of the k = 3 clustering model into cluster 2 (with 50 objects) and cluster 4 (with 110 objects) in the k = 4 clustering model.
The k = 4 clustering model and the k = 5 clustering model are quite similar too. In this case the cluster 5, which comprises 79 objects, was formed from cluster 1 (lost 59 cases) and from cluster 3 (lost 20 objects) of k = 4 clustering model.
After having presented the various models of segmentation and have marked the main differences between them, it is necessary to define the criteria to evaluate them. Having in mind that the goal of this work is to forecast the SNC based on the climatic and microclimatic input variables, multiple linear regressions models were developed for the clusters obtained. Table 4 shows the adjusted coefficient of determinations obtained for multiple linear regressions models with clustering and without clustering (k = 1) for sampling depth D 1 and D 2 and for open and under canopy areas.
The analysis of Table 4 shows that the k = 2 clustering model does not introduce significant improvements. The k = 4 and k = 5 clustering model despite introducing some improvements, have against them the fact that, in some cases, have very Values are mean ± standard deviation; n = 8 For the same item, different letters in the same line or * in the same column correspond to significant differences (P \ 0.05) by U test of Mann-Whitney poor performances. Indeed, the k = 3 clustering model is one that increase significantly the adjusted coefficient of determinations for all situations, except for cluster 1 at depth D 1 and at the localization UC. The multiple linear regression models obtained for k = 3 clustering model and without clustering are presented in Tables 5 and 6 for open and for under canopy areas.
In order to use the multiple regression models presented in Tables 5 and 6 it is necessary characterize the clusters formed and seek to lay down rules for assigning each new case to a cluster. Table 7 shows the clusters center of gravity for k = 3 clustering model.
In order to evaluate if the clusters are related with the seasons in which the samples were collected it was built up the graph presented in Fig. 2 . The strength of relationships between clusters and seasons are reflected in the type of the connections.
The analysis of Table 7 and of Fig. 2 shows that the cluster 1 is characterized by lower temperatures and high precipitation but irregular (PR = 127,667 ± 78,267 mm). This cluster is composed by all winter cases, by winter-like autumn and winter-like spring. Cluster 2 is formed by typical autumn cases and by typical spring cases, characterized by high temperatures and low precipitation. The type of the connections between cluster 3 and seasons by one side, and the number of cases included in this cluster (60), by other side, shows that this cluster correspond to atypical autumn and atypical spring cases, characterized by high temperatures and high precipitation (Table 7) .
Explanatory model of segmentation
In order to generate an explanatory model of segmentation (i.e. seek to establish rules for assigning a new case to a cluster) it was used the statistical Table 5 Multiple linear regression models obtained without clustering (k = 1) and with k = 3 clustering model for sampling depth 0-10 cm Adjusted R 2 are provided in Table 4 . Variables designation are provided in Table 1 . Independent variables with significance P value C 0.05 were not included in the model To ensure statistical significance of the attained results, 20 runs were applied in all tests, being the accuracy estimates achieved using the Holdout method (Souza et al. 2002) . In each simulation, the available data is randomly divided into two mutually exclusive partitions: the training set, with 2/3 of the available data and used during the modelling phase, and the test set, with the remaining 1/3 examples, being used after training, in order to compute the accuracy values. The DT obtained is showed in Fig. 3 . The rule to assign a case to the cluster 1 is AT 5 B 13.3°C. To assign a case to cluster 2 the rule is AT5 [ 13.3°C and PR 5 B 10.0 mm and finally, for cluster 3, the rule is AT 5 [ 13.3°C and PR 5 [ 10.0 mm.
A common tool for classification analysis is the coincidence matrix (Kohavi and Provost 1998) , a matrix of size L 9 L, where L denotes the number of possible classes. This matrix is created by matching the predicted and actual values. L was set to 3 (three) in the present case. Table 8 presents the coincidence matrix. The values denote the average of the 20 runs. The results reveal that the model accuracy is 100% both training set and test set.
Discussion
The improvement of correlation between SNC and the different variables, showed by the various regression models achieved for k = 3 clustering model is indeed remarkable. This is particularly evident for cluster 3 in all sampling situations, and for data obtained in open areas indifferently of the cluster chosen (Table 4 ). The models achieved (Tables 5, 6 ) were all different, despite the sampling area (undercanopy versus open), the sampling depth (D 1 and D 2 ) Table 6 Multiple linear regression models obtained without clustering (k = 1) and with k = 3 clustering model for sampling depth 10-20 cm Adjusted R 2 are provided in Table 4 . Variables designation are provided in Table 1 . Independent variables with significance P value C0.05 were not included in the model and the cluster considered, which is in agreement with our assumption that trees and soil depth plays an important role in SNC. In semiarid and arid ecosystems, short dry-wet cycles are frequent throughout the growing season, and large amounts of nutrients from microbial biomass can be rapidly mineralized (Kieft et al. 1987; Singh et al. 1989 ). In ''montado'' like ecosystem the soil is frequently dry during large periods, mainly in spring and summer and soil activity is mostly related with rain events (Gallardo et al. 2000) . Nitrification process is more likely to be inhibited during those drying periods due to the inability of bacteria to move to enriched microsites and of substrate to diffuse at an adequate rate to meet the needs of the bacterias (Wong and Nortcliff 1995) . This behaviour can greatly affect soil nitrate availability; however nitrifying organisms can survive in active form in dry soils (Gallardo et al. 2000) and may respond rapidly to the drying-rewetting cycles characteristics of Mediterranean climate (Rovira and Vallejo 1997) increasing the complexity of soil nitrate forecasting. The fact that variable PR 5 (total amount of precipitation fallen over the 5 days before sample date) enters in all the models set for open areas data, but only in the models set for cluster 2 with undercanopy areas data (Tables 5, 6 ), can be related with a higher susceptibility of open area soils to short dry-wet cycles than undercanopy areas soils. Furthermore the rainfall interception (22%) estimated for Quercus rotundifolia trees in the study area (David et al. 2006) , may blur the impact of short rain episodes in soils of undercanopy area.
SNC results of the oxidation of soil ammonium by a set of aerobic and chemolithoautotrophic soil microorganisms, and the nitrification rate depends strongly on soil ammonium concentration, temperature, soil water content and pH (Benbi and Richter 2003) . In grassland soils the gross ammonium production is closely related with the amount and quality of Soil Organic Matter (SOM), therefore soil nitrification is also dependent of SOM inputs and characteristics (Booth et al. 2005) . In the Spanish ''dehesa'', a ''montado'' like ecosystem, the major organic matter inputs to the soil occurred in spring and summer, which can lead in the autumn and winter, when soil water content will not be a constraint, to low levels of labile organic matter in the soil that may limit the heterotrophic decomposer Fig. 2 Relationships between clusters and seasons in which the samples were collected Fig. 3 The Decision Tree explanatory of segmentation. AT 5 -average air temperature 5 days before sampling date in°C, PR 5 -total precipitation 5 days before sampling date in mm Agroforest Syst (2012) 84:89-100 97 activity, the soil ammonium production and subsequently the nitrification rate (Gallardo et al. 2000) . A similar Quercus rotundifolia litterfall pattern was found in our study area (Nunes et al. 1999 ) which, together with comparable climatic conditions, makes expectable analogous nitrification conditions. Given the role of soil ammonium concentration in the nitrification process, it would be expectable that soil ammonium concentration assessed for sampling moment t 0 should have a significant weight in prediction nitrate concentration in sample moment t 0?1 . This has not happened in the present study, since it was not possible to establish any relationship between soil nitrate concentration for t 0?1 and soil ammonium concentration for t 0 , whatever the sampled area and depth considered. We can presume that soil ammonium availability does not place relevant restrictions to the nitrification process at the local conditions, being temperature and precipitation more relevant ones. The arising of water availability as an important limiting factor in soil nitrate availability for the analyzed ecosystem is in line with the demonstration that drought affect significantly nitrogen cycle rates in Mediterranean ecosystems by causing a decrease in protease activity, nitrogen plant uptake and nitrogen reabsorption rates (Rutigliano et al. 2009 ). The regression models achieved for k = 3 clustering, present good adjusted coefficient of determination notably for cluster 3, where water and temperature were more favorable for nitrification, and for cluster 2, where water was less available. For cluster 1, corresponding to great water availability and less favorable temperature, the adjusted coefficient of determination of the models achieved were smaller than for cluster 2 and 3. Harrison et al. (1994) and Whitehead (1995) relate low temperatures and anaerobic conditions (situations only possible for cluster 1 data) with low nitrification rate in winter. However, Gallardo et al. (2000) found low nitrification rates in samples collected in autumn and winter, incubated at lab temperature and aerobic conditions, which points in other directions, such as NH 4 ? scarcity in that period, to explain lower winter nitrification rates and consequently, less adjusted models.
In savannahs and savannah-type ecosystems, where we have a landscape of continuous grass sprinkled with scattered trees, soil nitrification must show different patterns between undercanopy and open areas. Jackson et al. (1990) observed, in the Mediterranean area of California, that soils under deciduous blue oak canopies have higher nitrogen turnover and inorganic nitrogen availability than the surrounding open grassland soils. Some studies in Spanish ''dehesa'' ecosystem have shown that soils under tree canopies are richer in organic matter and nutrients, present higher rates of nitrogen mineralization and may or may not have higher water availability (Escudero et al. 1985; Joffre and Rambal 1993; Joffre et al. 1999; Gallardo et al. 2000; Gallardo 2003 ). In the ''montado'' of this study, open areas are characterized by an herbaceous community where Poaceae, Asteraceae and Fabaceae are the predominant families (Cubera et al. 2009) , with values of C/N ratios of 46.2, which are lower than the value of 64 found for leaf litter collected from Quercus rotundifolia trees in the study area (Sá et al. 2005 ). The C/N ratio of litter strongly influences the decomposition rate of organic matter, which generally decreases for increasing C/N ratio (Taylor et al. 1989) consequently also influencing the release of mineral nitrogen into the soil and the mineralization/immobilization equilibrium. In fact, The training set refers to data used to build the model and test set refers to data used for model validation De Marco et al. (2008) observed faster decomposition rates for herbaceous litter compared to woody species litter. Nevertheless in undercanopy areas of Quercus rotundifolia, it is probable that the organic carbon content and soil water content are not major limiting factors for the microbial community responsible for nitrification process, due to the capacity of those areas to store large amounts of organic matter and improve water regime. The lower adjusted R 2 presented by the models assessed for undercanopy areas, with data from cluster 1 and 2, specially for cluster 1 undercanopy models compared to model without clustering (k = 1) (Table 4 ), may be related to different undercanopy soil organic matter composition, different litter and SOM decomposition rates and different microbial biomass composition, which make the correlation between SNC and temperature/ humidity less accurate. Differences in plant nitrogen uptake among the two areas, and along annual cycle, lead to variation in levels of ammonium and nitrate in the soils of this type of ecosystems (Gallardo 2003) , which makes even more complex the prediction of soil nitrate concentration in mosaic-type ecosystems, such as ''montado''. The decrease in accuracy of undercanopy models, when temperature or humidity could be limiting factors due to their lower values (clusters 1 and 2), deserves further attention because the pattern of air temperature and precipitation in undercanopy areas it's expected to be influenced by the tree crown.
Conclusions
The k-means Clustering analysis improved significantly the goodness of fit of the assessed models compared with models assessed without clustering, especially when water and temperature were not limiting factors for nitrification. The performance of the models decreases when temperature is low and water availability is high, probably because soil anaerobic situations may occur as a result of heavy precipitations. The poorest performance of the models was observed in undercanopy areas, when temperature or humidity were lower suggesting that in Quercus rotundifolia under canopy areas, microclimatic conditions should be properly assessed for more accurate nitrification prediction.
